In this paper, we address the enhanced state estimation and prediction system for automobile applications by fusing relatively low-cost and noisy Inertial Navigation System (INS) sensing with Global Positioning System (GPS) measurements. An unscented Kalman filter is used to merge multi-rate measurements from GPS and INS sensors together with a highfidelity vehicle-dynamics model for state-predictions. The highfidelity motion model (including suspension-effects) for the vehicle motion trajectory on uneven terrain is captured by a 20-state system of nonlinear differential equations. Computer simulation results illustrate the effectiveness of sensor-fusion (building upon the merger of an inexpensive INS sensing with GPS based measurements) to accurately estimate the full system-state. The relative ease of implementation, accuracy and predictive performance with low-cost sensing will facilitate its use in various electronic control and safety-systems, such as Electronic Stability Program, Anti-lock Brake Systems, and the Lateral Dynamic Stability Control.
INTRODUCTION
Modern-day automobiles have seen tremendous improvements in reliability and safety due to incorporation of intelligent systems such as Anti-lock Braking System (ABS), Electronic Stability Program (ESP) and Lateral Dynamic Stability Control (DSC). Most such vehicle-control systems integrate noisy and biased sensor measurements or utilize model-based estimators in order to obtain accurate and up-todate critical vehicle state information such as sideslip [1, 2, 3] , longitudinal and lateral velocities or roll angle [4, 5] . The nonavailability of these crucial vehicle states (at adequate rates) often poses a significant challenge for implementation of appropriate advanced vehicle-control algorithms. Similarly, steer-by-wire systems require the entire complement of current states for full state-feedback [6] . However, in current vehicles not all the necessary states can be accurately measured which necessitates implementation of the appropriate filtering and estimation methodologies.
A popular technique in estimating the vehicle states is the direct use of the data provided by INS or GPS measurements. However, such data tends to be noisy due to the measurement uncertainty which, if ignored, can result in erroneous estimation. In case of INS sensing, unwanted measurements of the road grade and bank angle further degrades the quality of the sensed data [7, 8] . An alternate approach is using physical vehicle model as an observer sensitive to changes in the vehicle parameters [9, 10] . However, prior to a detailed discussion, it is noteworthy that most of the literature uses the relativelysimplistic linear-bicycle model with linear-tire models owing to ease of implementation and fewer parameters to specify.
In several works, for example [1, 11, 12, 15, 16] , the measurements provided by GPS are fused with the INS sensing. This enable to use low-cost and high rate INS-based measurements while noise effects are compensated by fusing low-rate (but drift-free) GPS data. In fact, when GPS signal is available INS errors are predicted and between two GPS observations, the corrected INS observations are integrated.
Some of the earliest work on fusing the GPS measurements with the INS sensor data was performed by Bevly et al. [11, 16, 17] . Herein, the INS sensors are integrated with the GPS velocity measurements for estimation of the sideslip angle of the vehicle, roll, pitch and yaw angular velocities at an adequate rate. Similarly, this technique is employed in [1] , using a two-antenna GPS receiver, for the estimation of the sideslip while the effects of roll and grade were compensated.
Assuming known vehicle parameters, Leung et al. [15, 19] proposed an IKF (Integrated Kalman filter) design to estimate vehicle dynamics. They utilized low-cost GPS/INS/wheel speed sensors (WSS). A single antenna GPS operating at 1 Hz with an accuracy of 3 m was combined with existing in-car sensors and WSS.
Although combining the GPS data with INS measurements is well-addressed in the literature, this technique has been mainly implemented on the simplified vehicle models (linear-bicycle with linear tire models). In this paper, we examine use of an unscented Kalman filter to incorporate the low-cost INS sensors with GPS and the vehicle dynamics model to provide better prediction of the vehicle states.
The blended system is intended to provide state-updates at a level (both rate and accuracy) previously unavailable to be integrated as a state feedback measurement for Electronic Stability Program (ESP), anti-lock brake systems (ABS), and Traction Control (TC).
In this paper, the road bank angle and road grade angles are incorporated in the full-vehicle modeling, then a kinematic UKF is used to reduce mathematical derivation for the estimation part. A high-fidelity vehicle dynamic model (20-state) is employed to predict the vehicle dynamics at the future times. Environmental factors such as vehicle maneuvering, road banking/grading are also considered simultaneously for rollover prediction. Finally, the estimated rollover index is computed to activate rollover prevention system to avoid incidents with large roll angle.
The rest of this paper is organized as follows. In section II the coordinate systems used as well as details of developing the full vehicle model are discussed. In Section III, the sensorfusion framework using an unscented kinematic Kalman filter is developed for road vehicle state-estimation. Section IV describes the rollover prevention system working based on the evolution of the system states, and finally, in section V a brief discussion is presented.
VEHICLE DYNAMICS
In this section, an enhanced dynamic formulation of a road-vehicle is described, that includes: (i) coordinate system assignment; (ii) chassis modeling (sprung mass system) including rotational and translational dynamics; and (iii) suspension modeling.
Coordinate System Assignment
To describe the 6-DOF dynamic model of the vehicle, four coordinate systems (one global and three locals) are employed. Fig. 1 shows the assignment of these coordinate systems where the global frame is denoted by {g} and {r}, {v} and {a} represent road, vehicle and INS frames, respectively. The global frame is fixed to the ground, and vehicle frame {v} as well as INS frame {a} are attached to the center of gravity (CG) of the vehicle.
The road frame {r} facilitates describing the vehicle dynamics on a slope road. The relative pose of the {r} frame respect to the global frame {g} is described through three Euler angles that are referred to in this paper as road curve angle r  , road grade angle r  , and road bank angle r  . Since the road curve angle does not affect vehicle dynamics, then for simplicity, it is assumed to be zero. The relation between the body frame and road frame is defined by "vehicle yaw angle  ", "vehicle pitch angle  ," and "vehicle roll angle  ". The rotation matrix between vehicle and road frames can be expressed as follows [18] :
where 'x' is a longitudinal axis passing through G and directed forward. The 'y' goes laterally to the left from the driver's viewpoint. The third set of Euler angles is referred to the "absolute yaw angle g  ," "absolute pitch angle g  ," and "absolute roll angle g  ". Its rotation matrix can be written as:
As shown in Fig. 2 , the accelerometer measurements A x , A y (INS attached to C.G.) are sensitive to both translational and rotational movement of the vehicle. They are related to acceleration in frame {v} by (3) Acceleration measured from the GPS sensor in the ground frame {g} can also be related to that in the vehicle frame {v} as:
The vehicle track angle can be determined as . The side slip angle,  , is the difference between the vehicle track angle and yaw angle       .
With the sideslip, the vehicle velocity in frame {v} can also be derived as (5)
Chassis Modeling
The chassis of electric vehicle is assumed to be a rigid body. The equations of motion of the chassis are obtained by applying the fundamental principles of classical physics. This leads to three ordinary differential equations for the translational motion of the center of the gravity and three ordinary differential equations for the rotations. Totally, the sprung mass system describes 6 DOFs of the vehicle body. 
where "m" is the vehicle total mass. By using the Newtonian method, the vehicle translational dynamics, can be written as: (7) where T xi , T yi (net longitudinal and lateral tire forces), F darg and F rolling are defined as:
where  is mass density of air, d
C is the aerodynamic drag coefficient, F A is the frontal area of the vehicle, wind V is the wind velocity,  is the rolling resistance coefficient, and zi F is the normal tire force at each wheel. For simplicity, we consider linear tire model based on the Pacejka's magic formula [13] to describe the longitudinal and lateral tire forces (F xi , F yi ). ).
The tire angular velocity, power-train system, braking system, and adhesive forces can be linked together as (13) where ω i is the angular velocity of the tire i, F xi is the longitudinal adhesive force generated by the tire i, T b,i is the braking torque applied to the tire i by anti-lock brake system, T m,i is the traction torque transmitted to the tire i, I ω,i is the moment of inertia of the tire i, and r eff,i is the effective rolling radius of the tire i.
Rotational Dynamics. Using Euler angles, the rotational motion of the vehicle body can be described as: (14) where
and M x , M y and M z are the external torques applied to the CG of the vehicle around three axes, and I x , I y , and I z are the moments of inertia of the vehicle body (sprung mass) along the three axes of the vehicle frame. F Spring,i is the net forces generated by suspension system x  , y  , and z  are the angular velocities of the vehicle body around three axes of vehicle frame. l f and l r are the distances from the CG to the front and rear axles, respectively, and t f and t r are one half of the distances of the front and rear tracks, respectively (see Fig.  2 ).
Vehicle rotational velocities can be described by Euler angles in vehicle frame {v} by using (16) Note that x  , y  , and z  are gyro roll rate, pitch rate and yaw rate, respectively. To obtain the Euler angles, the above equations is simply integrated. Assuming zero pitching, and rolling angles, the Euler yaw angle reduces to the integration of the gyro yaw rate.
Suspension System. The main objective of suspension systems is to reduce motions of the sprung mass. The suspension system is modeled as a linear spring-mass-damper system (see Fig. 3 ). The suspension dynamics can be written as (18) where k si represents the spring stiffness of the suspension corner i; b si is the damper coefficient; i H represents the displacement of the suspension corner i; m u,i represents the unsprung mass of the suspension corner i; and the subscript i refers to the four suspension corners.
When all four tires are on the ground, the suspension displacement is related to the vehicle attitude and the translational motion in the z-direction. These relations can be written as
Four suspension displacement sensors (non-inertial sensors) are installed at four corners of a vehicle. The suspension deflection mainly comes from the relative vehicle attitude and the vertical displacement of the vehicle CG. Hence, the suspension displacement can be written in terms of the vehicle attitude as:
The four degrees of freedom model for suspension system is considered as shown in Fig. 3 . The overall equations of motion are 
A KINEMATIC SENSOR FUSION SYSTEM
GPS and INS (a three-axis accelerometer and a three-axis gyroscope) are merged in sensor fusion systems to estimate all vehicle states. An INS sensor is installed at the center of gravity of a vehicle to measure the six-DOF movements. The vehicle attitude is determined by integrating the gyroscope measurements. However, by integrating the angular rates may suffer from the initial value ambiguity problem and the error accumulation problem. For resolving this, in recent years a GPS with two or three antennas has been proposed in various sensor applications [11, 12] . It can avoid the error accumulation problems and initial value ambiguity problem. Here, we represent a kinematic sensor fusion system to estimate the road angles and improve the sensing accuracy of the six-DOF vehicle motions. For this purpose, a non-inertial sensor (suspension displacements sensors) along with two inertial sensors (a three-antenna GPS and an INS) are considered. The mathematical model is constructed as:
where C  is obtained from Eq. (16) and is terms of  g , g and (A x ,A y ,A z ) represents the measurements from a three-axis accelerometer; ( x y z , ,    ) represents the measurements from a three-axis gyroscope; (x g , y g , z g ) and ( ) denote positions and velocities observed in the global frame. However, in this model road angle information are not included. Thus, it is not applicable to road vehicles on a sloped road.
Road Angle Consideration
As mentioned before, totally nine angles (three sets of Euler angles) are employed to parameterize the vehicle attitude determination system. Three constraints are prescribed through 24) where  is the system output and  is the matrix of observer gains. The system output  in Eq. (24) is chosen as:
The output gps  provides the observation for the state vector  and its values are obtained from the three-antenna GPS measurements. The sus  is a function of (  r , r ,x g , y g , z g ) and its values can be obtained from the suspension displacement sensors and three-antenna GPS. 
FIGURE 4: COMPARISONS OF THE REAL VEHICLE DYNAMICS (BLUE LINE) AND THE SENSOR FUSION OUTPUTS (DASHED-RED).

Synchronization
The outputs of the low-cost GPS (1-10Hz), IMU (100Hz), suspension displacement sensors (100Hz) and wheel speed sensors (1kHz) are unsynchronized and they have different noise characteristics. Then, the objective of a selected unscented Kalman filter is construction of a state observer to coordinate those sensor outputs. When the GPS measurement is available, the estimated state value is updated by the measurements of the GPS and suspension displacement sensors, and when the GPS measurements are unavailable, the estimated state values will be updated only by the measurements of the suspension displacement sensors. Therefore, with the system equation described in (24) and output equation described in (25), one can follow the standard procedures of the UKF [14] to estimate the states. Fig.4 shows the result of the simulation of vehicle state estimation with merging INS and GPS sensors. From 0 to 10 sec, the estimated state values are obtained from the UKF observers with measurements from sensors. It is cleared from the Fig. 4 that all the system states are accurately estimated. In addition, the road grade and bank angles that were unavailable earlier, can be estimated by virtue of sensor fusion system presented here.
To use UKF for the state estimation, one needs to provide the covariance matrices for the sensor and modeling noises. The noise that is associated with each sensor is assumed to be white, independent, and with a standard deviation of 0.01; this leads to a diagonal covariance matrix of the sensor noise. Therefore, its covariance matrix is the same as that of the sensor noise except it is scaled by the "sampling time" of the system. The sampling time step is 0.001 s. Fig. 5 shows the errors associated with the estimation of x g and y g with one-sigma confidence interval.
FIGURE 5: STATE ERRORS (ESTIMATE MINUS TRUTH) WITH BOUNDARIES
PREDICTION AND ROLLOVER PREVENTION SYSTEM
The block diagram of the proposed vehicle full-state estimation, prediction and prevention systems is shown in Fig.  6 . The driver inputs, such as steering wheel angle, braking force, and traction force, are considered as inputs to the vehicle dynamic model. The sensor measurements from the INS, GPS, Wheel Speed Sensor (WSS) and suspension displacement sensors also considered as the observations in the e multi-rate UKF observer. Based on the current states and vehicle dynamic model, the prediction system computes the state values for the next few seconds. Then, in the application of vehicle rollover predictions, the vehicle roll angle at future times can indicate if a rollover incident is likely to occur. Fig. 7 shows the evolution of the system states over 5sec given its state estimates at t=10 sec using the vehicle dynamic model.
FIGURE 7: PREDICTION OF THE VEHICLE DYNAMICS
For the simulation, the vehicle parameters are listed in Table. 1. Since this study is focused on the performance of lowcost sensors, the INS and GPS are operated at sampling frequency of 100Hz and 1Hz, respectively. In the simulation, it is assumed that sideslip angle is small and there is no active suspension system. A three-antenna GPS was used to provide absolute position and attitude measurements.
The rollover index is the real-time tendency for rollover and is used to trigger the rollover prevention system in stability control systems [13] . For reducing the vehicle speed and yaw rate, an active rollover prevention system normally utilizes differential braking based stability control systems. An important challenge in the design of an active rollover prevention system is the calculation of the rollover index which indicates the likelihood of the vehicle rollover and is used to activate differential braking to prevent rollover. Accurate calculation of the rollover index is important in order to ensure that rollovers can be prevented on time. One method of defining the rollover index is based on the use of the real-time difference in vertical tire loads between left and right sides of the vehicle [13] .
If we assume that the roll motion of the sprung mass is induced entirely by the lateral acceleration of the vehicle (ignoring road and other external inputs), then it can be shown that the rollover index of Eq. (26) can be represented as [5] : (27) It should be noted that the rollover index of Eq. (27) needs measurement of lateral acceleration, roll angle and knowledge of the height of the CG. Note that the height of the CG is assumed a constant parameter. By using the estimated and predicted roll angle in previous section, the real time rollover index can be easily calculated. Now, if the rollover index needs to remain below the threshold value threshold R , the corresponding maximum lateral acceleration and, consequently, yaw-rate will be bounded under Electronic Stability Control (ESC). Therefore, untripped rollovers can be prevented by differential braking to reduce both yaw-rate vehicle speed. 
CONCLUSION
In this paper, a kinematic sensor fusion system was employed to integrate the Inertial Navigation System sensors with three-antenna GPS measurements for estimation of the states of the full vehicle model. This facilitated a high rate update of the system states while using low-cost sensing system. These sensor outputs were coordinated using the developed kinematic model and an unscented Kalman filter was utilized to accurately estimate all vehicle states such as absolute position, velocity, and attitude along with two road angles. Given the accurate state of the system, the evolution of the states can be realized through the dynamic model of the vehicle. The predicted states (such as roll angles) can be used to trigger the rollover prevention systems such as differential braking to reduce the vehicle speed and yaw rate.
